Variance-component (VC) methods are flexible and powerful procedures for the mapping of genes that influence quantitative traits. However, traditional VC methods make the critical assumption that the quantitative-trait data within a family either follow or can be transformed to follow a multivariate normal distribution. Violation of the multivariate normality assumption can occur if trait data are censored at some threshold value. Trait censoring can arise in a variety of ways, including assay limitation or confounding due to medication. Valid linkage analyses of censored data require the development of a modified VC method that directly models the censoring event. Here, we present such a model, which we call the "tobit VC method." Using simulation studies, we compare and contrast the performance of the traditional and tobit VC methods for linkage analysis of censored trait data. For the simulation settings that we considered, our results suggest that (1) analyses of censored data by using the traditional VC method lead to severe bias in parameter estimates and a modest increase in false-positive linkage findings, (2) analyses with the tobit VC method lead to unbiased parameter estimates and type I error rates that reflect nominal levels, and (3) the tobit VC method has a modest increase in linkage power as compared with the traditional VC method. We also apply the tobit VC method to censored data from the Finland-United States Investigation of Non-Insulin-Dependent Diabetes Mellitus Genetics study and provide two examples in which the tobit VC method yields noticeably different results as compared with the traditional method.
Introduction
Variance-component (VC) linkage analysis (Amos 1994; Almasy and Blangero 1998 ) is an attractive, nearly modeof-inheritance-free method for the mapping of genes that influence quantitative traits. Simulation studies (Amos et al. 1996; Williams and Blangero 1999) have shown that the VC method has increased power to map genes as compared with relative-pair-based methods, such as the Haseman-Elston method (Haseman and Elston 1972) and the sib-pair method of Kruglyak and Lander (1995) . The increased power of the VC method is due, in part, to its ability to analyze data on all relatives in a family simultaneously. Another attractive feature of the VC method is its flexible modeling structure, which allows one to accommodate and test multiple genetic and environmental effects and interactions. The flexible structure of the VC method allows one to model measured covariate effects in the mean structure and to incorporate unmeasured genetic and environmental effects (as well as potential interactions) in the covariance structure. One can estimate parameters by using maximum-likelihood procedures, and one can construct linkage tests by examining the variance-parameter estimates associated with the unmeasured genetic effects of the model.
The traditional VC method assumes that, within a family, the quantitative-trait data either follow or can be transformed to follow a multivariate normal distribution. Studies have shown that violation of this assumption can lead to biased parameter estimates (Amos et al. 1996) and an increase in false-positive linkage findings (Allison et al. 1999; Blangero et al. 2001) . Violation of this assumption can occur for many reasons, but one potential cause is trait censoring. We show an example of trait censoring in figure 1. Here, the latent distribution of the trait data is normal. However, for some reason, latent trait values less than some threshold y* are observed to be at y*. Therefore, the data are censored at y*.
Trait censoring can arise in several ways. The trait assay may fail to detect values smaller (or larger) than some general threshold y*. We have observed this phenomenon in the genetic analysis of coronary artery calcification (a predictor of coronary artery disease) in the Rochester Family Heart Study (Maher et al. 1996; Bielak et al. 2001) . One way to measure the amount of coronary artery calcification consists of using an imaging procedure, such as electron-beam Example of censoring for a normally distributed trait. Latent trait values truly less than y* are observed at y*.
computer tomography (Agatston et al. 1990 ). This procedure takes digital cross-section slides of a subject's heart and, utilizing the slide pixels that contain calcium, determines the amount of coronary artery calcification. However, Bielak et al. (2001) considered coronary artery calcification as present only when at least four contiguous slide pixels contained calcium. Therefore, coronary artery calcium levels corresponding to fewer than four contiguous slide pixels were not observed and were assumed to be 0. In the Bielak et al. (2001) data set, ∼50% of the coronary artery calcium data were censored at this threshold.
Trait censoring may also arise from subject-specific thresholds, owing to factors such as medication. For example, in the study of cholesterol, doctors likely will place a subject with truly high cholesterol on medication, seeking to reduce that subject's observed cholesterol such that it is in a normal range. Therefore, the true latent cholesterol of the subject is almost certainly greater than or equal to the observed value. The subject's trait value is then censored at the observed value, owing to medication. We have observed this phenomenon in the genetic analyses of cholesterol, high-density lipoprotein ratio (HDLR) (which is the ratio of high-density lipoprotein: total cholesterol), and triglyceride (TG) in the FinlandUnited States Investigation of Non-Insulin-Dependent Diabetes Mellitus Genetics (FUSION) study (Valle et al. 1998) . Approximately 30% of these trait data are censored at subject-specific thresholds, owing to anti-lipid medication.
Proper analysis of censored trait data by the VC method requires correct modeling of the censoring event. If the censoring event is ignored and one analyzes the trait data with the assumption that the observed trait distribution is normal, then parameter estimates from the VC method likely will be biased. For the censoring example in figure 1, our results show that analysis of the observed data when censoring is ignored leads to an overestimate of the mean of the trait and an underestimation of the variance of random effects. Also, failure to account for the censoring event leads to the false impression of increased trait similarity among relatives and can lead to an increase in false-positive linkage findings.
To support linkage analysis for these situations, we have extended the traditional VC method to accommodate censored data. To do this, we use the work of Tobin (1958) , who developed a regression-based method for the analysis of censored normal data when independent observations are assumed. To account for censoring, as shown in figure 1, Tobin defined the likelihood of a censored observation y* as the probability that the observed value is рy*. By doing this, Tobin accounted for the possibility that the latent value of a censored observation is actually smaller than the observed value y*. We have modified the method of Tobin to account for censored normal trait data among related individuals by using random effects. Our method, which we call the "tobit VC method," has all the benefits of the traditional VC method, but it properly accounts for censoring in quantitative-trait data within families and can accommodate both global and subject-specific censoring thresholds.
In subsequent sections, we develop the traditional and tobit VC methods and describe the methods' similarities and differences. We describe estimation procedures and develop statistical tests for detecting linkage at a majorgene locus. We also compare and contrast the characteristics of the tobit and traditional VC methods for accommodating censoring by applying both methods to simulated censored data. Finally, we illustrate the use of the tobit VC model by applying it to censored trait data from the FUSION study.
Methods

Derivation of Traditional VC Method Using a Generalized-Linear-Mixed-Model Framework
We derive the traditional VC method using the generalized-linear-mixed-model framework of Breslow and Clayton (1993 . We model by using the linear mixed 
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The final step in the construction of likelihood (2) requires the specification of the distribution of . We f (U) assume that has a multivariate normal U p MG ϩ PG distribution with mean vector 0 and covariance matrix . The matrix P is the matrix 2 2
with (j,k)th element p jk , which denotes the proportion of alleles shared identical by descent (IBD) at the major gene by relatives j and k; generally, we cannot observe but can efficiently estimate this proportion by using p jk a multipoint algorithm (e.g., see Lander and Green 1987; Fulker et al. 1995 ) that uses available marker data and a known marker map. The matrix 2F is the matrix n # n with (j,k)th element 2f jk , which is defined as the expected proportion of genes shared IBD by relatives j and k.
Given the derivation of the likelihood for one family in equations (2) and (3), the construction of the full likelihood for the trait data of I independent (unrelated) families is the product of such likelihoods for all I families
in the obvious notation. We can use likelihood (4) to test the hypothesis of linkage at the major gene versus by
constructing a likelihood-ratio statistic that is 2log e of the ratio of the likelihood fit under the alternative and null hypotheses. Because the null hypothesis is on the boundary of the parameter space, the likelihood-ratio statistic is asymptotically distributed as a (1/2):(1/2) mixture of and a point mass at 0 under the null hypothesis of no 2 x 1 linkage (Self and Liang 1987) . As an alternate statistic, we can calculate the LOD score (Morton 1955) , which is log 10 of this likelihood ratio.
Tobit VC Method
The tobit VC method requires the modification of likelihood (3) to account for the censoring event. Here, we assume that censoring results in setting all trait values less than some threshold y* equal to y* ( fig. 1 ). Extension of the tobit VC method to other censoring events (e.g., subject-specific thresholds owing to medication) is straightforward.
Following Tobin (1958) , the tobit likelihood L (yFU)
T j takes one of two forms, depending on whether the observed y j is equal to or greater than y*:
the traditional VC method). However, when , * y p y j models the probability that and thereby *
accommodates the censoring event. Specifying and assuming that U follows the L (yFU)
T j same multivariate normal distribution described above, we obtain the full likelihood for I families for the tobit VC method:
As before, we can apply likelihood (6) to test for linkage. Unlike likelihood (4) (for the traditional variancecomponent method), the integrals in likelihood (6) do not have a closed-form solution, which complicates inference. To resolve this issue, we apply the numerical-integration method of adaptive Gaussian quadrature (Pinheiro and Bates 1995) as implemented in the SAS procedure PROC NLMIXED. We choose the number of quadrature points, Q, at which the function will be evaluated. With , adaptive Gaussian quadrature Q p 1 of likelihood (6) corresponds to a Laplace approximation (Breslow and Clayton 1993) . As Q increases, the approximation of the integral in likelihood (6) becomes more accurate. However, the complexity of the maximization algorithm also increases, which leads to longer computer run times. Therefore, we choose a Q value that suitably approximates the likelihood but allows efficient computation. Our analyses to date suggest that quadrature points is adequate for ac-Q p 5 curate likelihood approximation and allows reasonably efficient computation.
Simulations
We performed computer simulations with data sets of 400 sib trios, to compare the characteristics of the traditional and tobit VC methods for the analysis of censored normal data. We simulated trait data for a sib trio by use of mixed model (1) and the covariance matrix S. We generated trait data assuming an assortment of trait models that varied the values of , , and , resulting To simulate marker data, we first placed the major gene at the center of a 110-cM chromosome. We simulated a 10-cM map of 12 genetic markers each with four equally frequent alleles. At each locus, we randomly assigned alleles to the parents of a sib trio, after which we generated offspring genotypes by assuming the Haldane mapping function. We then removed the genotypes of the parents from the data set.
We analyzed the censored data by using both the traditional VC method, which ignores censoring, and the tobit VC method, which models censoring. We estimated IBD sharing at the major-gene locus by using the LanderGreen algorithm (Lander and Green 1987) as implemented in Genehunter (Kruglyak et al. 1996 binary and the other continuous and normally distributed. We set the binary regression coefficient b B p 0.20 and the normal regression coefficient b N p 0.50 and simulated 500 additional replicate data sets. We again analyzed the data sets by using both the traditional and tobit VC methods.
Application to FUSION Data Set
We analyzed a subset of the FUSION replicate data set; this subset, FUSION2, consists of 558 affected siblings in 238 sibships. These families were assayed for a variety of diabetes-related quantitative traits. Here, we focus on HDLR and TG. After transforming the traits to approximate normality, we performed a genome scan using the traditional VC method. We estimated IBD along the genome by using the Lander-Green algorithm (Lander and Green 1987) as implemented in Genehunter (Kruglyak et al. 1996) . Analyses revealed an interesting linkage signal for HDLR on chromosome 2 and for TG on chromosome 20.
The original analyses of these traits assumed no censoring. However, ∼30% of the affected siblings were on anti-lipid medication. For medicated subjects, such treatment is expected to increase the level of HDLR and decrease the level of TG. Even though medicated subjects in the FUSION study were asked to stay off their antilipid medication 24 h prior to data collection, lingering effects of medication may influence these quantitative traits such that observed values are different from latent values.
To determine the impact that censoring had on results for these traits, we applied our tobit VC method to the HDLR data on chromosome 2 (with an average intermarker distance of 8.3 cM) and the TG data on chromosome 20 (with an average intermarker distance of 1.8 cM). For medicated subjects, latent trait values for HDLR were assumed to be less than or equal to observed values, and latent trait values for TG were assumed to be greater than or equal to the observed values. No restrictions were made on the trait values of nonmedicated subjects. We assumed the normality of latent trait values for both analyses.
Results
Empirical Type I Error Rates
In table 1, we show the empirical significance levels at and and the mean likelihood-ratio a p 0.05 a p 0.01 statistic across the 3,000 replicate data sets for each trait model. Under the null hypothesis of no linkage, the likelihood-ratio statistic asymptotically follows a (1/2):(1/2) mixture of and a point mass of 0. Therefore, the ex-2 x 1 pected value of the likelihood-ratio statistic should be 0.50.
On the basis of empirical P values and the mean likelihood-ratio statistic, all four trait models show that the traditional VC method has elevated empirical type I error relative to the nominal in testing for linkage of a quantitative trait with 25% censoring. We expect this finding, considering that, when censoring is ignored, the observed trait values within sib trios appear to be more similar than the corresponding latent values. Type I error for the traditional VC method increased with an increase in overall genetic heritability . and across 1,000 replicate data sets for each a p 0.01 of the four different trait models described in the "Meth- As expected, our results show that the power of both VC methods to detect linkage at the major gene increases as the variance due to the major gene increases. However, our results also show that the tobit VC method has somewhat greater power to detect linkage, as compared with the traditional VC method, for all four trait models at both significance levels of a. The power discrepancy between the two VC methods increases as the variance due to the major gene increases. Therefore, the tobit VC method will be a particularly important tool for the mapping of genes with high heritability that influence censored traits. h mg For the tobit VC method, parameter estimates were unbiased for all models (table 3). The SEs of the variance estimates for the tobit VC method are larger than those of the traditional VC method. We expected this finding, because the tobit method properly accounts for the uncertainty within the data whereas the traditional method ignores it. This finding appears to be in contrast with our power results, which show the tobit VC method to be more powerful than the traditional VC method for the simulation studies considered. However, the size of the traditional VC test is inflated, so we cannot examine the SEs of the major-gene variance parameter to check for power in the simulation study. As described earlier (see the "Empirical Power for Detecting Linkage" subsection), we adjusted for the incorrect size of the traditional VC method when we performed our power calculations.
Effect of Censoring on Variance and Heritability Estimates
Effect of Censoring on Regression-Coefficient Estimates
The effects that censoring had on regression-coeffi- that mean effects due to covariates are smaller than they actually are, which attenuates the covariate estimates toward 0. Whereas the traditional VC method underestimates the true values of b B and b N for censored data, the tobit VC method returns unbiased estimates of the two regression coefficients. As with the variance estimates, the SE of the tobit-based regression-coefficient estimates are larger than those based on the traditional VC method, since the former method properly accounts for the uncertainty of the censored trait data. Figure 2 compares the traditional and tobit VC analyses for HDLR on chromosome 2. Both analyses yield similar patterns of linkage evidence across the chromosome; however, the tobit VC method provides increased evidence for linkage in the region previously identified by the traditional VC method. The tobit VC method yields a maximum LOD score of 1.98, at 58 cM (asymptotic ), whereas the traditional VC P p .0013 method yields a maximum LOD score of only 1.24, at 60 cM ( ). Examination of HDLR data of P p .0085 medicated subjects reveals 19 sibships that show increased evidence of linkage when censoring is modeled using the tobit VC method. In these siblings, the modeling of censoring strengthens the linkage signal by either increasing the trait similarity of pairs who share two alleles IBD at the locus or decreasing the similarity of pairs who share no alleles IBD at the locus. Figure 3 shows the traditional and tobit VC analyses for TG on chromosome 20. As with the HDLR analyses on chromosome 2, the tobit and traditional VC methods show similar linkage patterns along the chromosome; however, the tobit VC method shows reduced evidence of linkage at the peak previously identified by the traditional VC method. Whereas the traditional VC method yields a maximum LOD score of 1.74, at 84 cM ( ), the tobit VC method yields a maxi-P p .0023 mum LOD score of only 0.48, at 85 cM ( ). P p .0690 Several sibships that previously supplied evidence for linkage when censoring was ignored provide little evidence when we now account for anti-lipid medication.
Analysis of FUSION Data Set
Discussion
Trait censoring can arise in genetic studies in a variety of traits. Common analytical methods for quantitativetrait mapping, such as the traditional VC method, fail to account for censoring; this can lead to biased parameter estimates and invalid tests of linkage. Here, we present a tobit VC method that should be a useful tool for the mapping of genes that influence censored quantitative traits. For the simulation settings considered, we show that analysis of censored quantitative data by the tobit VC method yields unbiased parameter estimates and empirical false-positive linkage findings that reflect the nominal. In contrast, analysis of such traits by the traditional VC method leads to severely biased parameter estimates, modestly elevated false-positive rates for linkage, and modestly decreased linkage power relative to the tobit VC method.
Besides being a useful test for linkage, the tobit VC method could also be valuable as a family-based test for linkage disequilibrium at a candidate gene that influences a censored trait. Fulker et al. (1999) and Abecasis et al. (2000) showed how the traditional VC method can be used for the testing of linkage disequilibrium when a normally distributed quantitative trait is assumed. Both groups tested for the association of alleles at the trait-influencing candidate gene by incorporating them as covariates in the mean structure of the model while simultaneously accounting for linkage in the covariance structure. Our results show that covariate estimates from the traditional VC method are attenuated toward 0 when censoring exists and is ignored. Therefore, tests of linkage disequilibrium by the traditional VC method may yield incorrect results for censored trait data. Because covariate estimates obtained using the tobit VC method are unbiased, we plan to extend the tobit method, to test for linkage disequilibrium of censored traits by methods analogous to those of Fulker et al. (1999) and Abecasis et al. (2000) .
In the simulations that we have described, we assumed that the lower 25% of the trait data were censored. We also performed simulations under the assumptions of less (10%) and more (50%) extensive censoring. Our results showed that the traditional VC method yields biased parameter estimates for these levels of censoring, with the bias becoming more severe as VC analyses of HDLR on chromosome 2. For the tobit method, the maximum likelihood-ratio statistic is 9.1 (maximum LOD score 1.98), at 58 cM; for the traditional method, the maximum likelihood-ratio statistic is 5.7 (maximum LOD score 1.24), at 60 cM. censoring increases. This result is expected because an increase in censoring reduces the range of possible observed values of the trait distribution and decreases the overall trait variance. The traditional VC method's type I error rate for detecting linkage also increases as censoring increases, owing to an increase in false similarity of observed trait values among relatives. In contrast, the tobit VC method yielded unbiased parameter estimates at all levels of censoring tested and had empirical type I error rates that reflected the nominal rates. For all levels of censoring analyzed, the tobit VC method consistently was more powerful than the traditional VC method for detecting linkage. However, the power to detect linkage by both VC methods decreased with an increase in censoring, which is expected owing to the increased amount of uncertainty in the trait data.
Methods for censored trait data assume independence of the latent and censored trait values. Violation of this assumption may yield biased parameter estimates and elevated type I error rates (e.g., see Williams and Lagakos 1977) . For our tobit analyses, censoring due to medication likely violated this assumption. The correlation between latent and censored trait values is dependent on the drug effect. For our FUSION examples, the effect of anti-lipid medication is quite variable, so, although correlation likely exists between latent and censored trait values, the correlation is likely weak. To investigate the effect that such correlation had on tobit results, we performed additional simulations in which we assumed that subjects in the lower 25% of the trait distribution were on medication. We then simulated the censored trait value from the latent trait value (with the censored trait value being greater than the latent trait value), assuming a correlation of 0.4, 0.75, or 1. For correlations of 0.4 and 0.75, the tobit method returned unbiased parameter estimates and had appropriate type I error. Therefore, for the correlation that likely exists in our FUSION example, we believe that this dependence will not have a serious deleterious effect on results. When the correlation was 1 (perfect linear relationship between latent and censored trait values), the tobit method returned variance-parameter estimates that were slightly inflated. However, the corresponding type I error rates appeared to be close to the nominal levels. Therefore, even when the latent and censored trait values are completely dependent, the simulations support the idea that the tobit method will yield accurate tests of linkage.
Because fitting the tobit VC method requires numerical integration, the method is more computationally intensive than the traditional VC method. If one approximates the tobit-based likelihood by using five quadrature points, then the tobit VC method requires approx- VC analyses of TG on chromosome 20. For the tobit method, the maximum likelihood-ratio statistic is 2.2 (maximum LOD score 0.48), at 85 cM; for the traditional method, the maximum likelihood-ratio statistic is 8.0 (maximum LOD score 1.74), at 84 cM.
imately four to five times as much computer time to fit a model as compared with the traditional VC method for the cases that we considered. To reduce the amount of time for the tobit method, one could perform the analyses with the assumption of a smaller number of quadrature points. We repeated our simulations for the case of and but now assumed 2 2 h p 0.75 h p 0.25 mg only one quadrature point for analysis (which corresponds to a Laplace approximation). For one quadrature point, the tobit VC method required approximately the same amount of computer time as the traditional VC method. The analyses based on one quadrature point had similar linkage power and type I error rates as compared with the same tobit analyses performed using five quadrature points, but we observed bias in the mean variance and heritability estimates. These results suggest that one could use a Laplace approximation to perform a computationally efficient genome scan for the identification of linked regions of interest. However, one should then reanalyze the regions of interest by using more quadrature points, to obtain more-accurate estimates of genetic and nongenetic effects. For the situations considered in the present article, our analyses suggested that quadrature points were Q p 5 sufficient to approximate the likelihood accurately for the tobit VC method. In other situations, the number of quadrature points needed for accurate likelihood approximation will depend on such factors as family size and degree of censoring. As family size increases, we would expect to need fewer quadrature points for accurate likelihood approximation; as the degree of censoring increases, we likely will need more quadrature points. In the SAS procedure PROC NLMIXED, one can adaptively select the number of quadrature points needed for a given data set. We strongly recommend using this feature of the procedure, to ensure an accurate likelihood approximation.
We understand that the chosen significance levels for testing the linkage hypothesis in the present study are much less stringent than those commonly used in a linkage analysis of a genetic trait. However, the goal of the present article was to compare and contrast the characteristics of the traditional and tobit VC methods. From our results, we felt that these empirical significance levels were appropriate for such comparisons. Such data sets also yielded the additional benefit of computational simplicity relative to both larger and selected data sets.
We have developed the tobit VC method under the assumption that the latent distribution of the trait data is multivariate normal within families. We could also extend the method to accommodate censored traits with other known latent distributions, both continuous (e.g., gamma) and discrete (e.g., Poisson). Assuming the censoring event in figure 1, we must determine the probability of a censored and a noncensored observation given the latent distribution of interest. We can accomplish this by using the latent distribution's probability and cumulative density/mass functions. These probability and cumulative functions replace the respective functions of the normal distribution in likelihood (5). One can then fit the models of interest by using adaptive Gaussian quadrature or some other numerical-integration inference method. Extensions to subject-specific thresholds are straightforward.
As we have shown with the tobit VC method, one can use the generalized-linear-mixed-model framework that has been proposed by Breslow and Clayton (1993) to develop VC methods for the mapping of genes that influence many types of nonnormally distributed trait data. We intend to use this framework to develop VC methods for the mapping of genes that influence dichotomous (e.g., presence/absence of disease), polychotomous, and count data (Epstein et al. 2001 ). In the case of disease data, we will base the linkage test on a logistic VC model. This proposed disease-mapping method has the advantage that it accommodates multiple genetic and environmental effects.
